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Soil particle-size distribution (PSD) is one of the most important physical attributes due to its great influence on soil properties related to water
movement, productivity, and soil erosion. The multifractal measures were useful tools in characterization of PSD in soils with different
taxonomies. Land-use type largely influences PSD in a soil, but information on how this occurs for different land-use types is very limited. In this
paper, multifractal Rényi dimension was applied to characterize PSD in soils with the same taxonomy and different land-use types. The effects of
land use on the multifractal parameters were then analyzed. The study was conducted on the hilly-gullied regions of the Loess Plateau, China. A
Calcic Cambisols soil was sampled from five land-use types: woodland, shrub land, grassland, terrace farmland and abandoned slope farmland
with planted trees (ASFP). The result showed that: (1) entropy dimension (D1) and entropy dimension/capacity dimension ratio (D1/D0) were
significantly positively correlated with finer particle content and soil organic matter. (2) D0, D1 and D1/D0 were significantly influenced by land
use. Land use could explain 24.6–58.5% of variability of D0, D1/D0 and D1, which may be potential parameters to reflect soil physical properties
and soil quality influenced by land use.
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Soil particle-size distribution (PSD) is one of the most im-
portant physical attributes due to its great influence on soil pro-
perties related to water movement, productivity, and soil erosion
(Huang and Zhang, 2005; Montero, 2005). An area with high
soil erosion rate induced bywater, and fine particle-size fractions
(accompanied by nutrients) are selectively removed or deposited
during soil erosion process. In fact, land use largely influence
PSD by helping or hindering soil erosion (Martínez-Casasnovas
and Sánchez-Bosch, 2000; Erskine et al., 2002; Basic et al.,
2004). In this sense, characterization of PSDmay be a promising
indicator to reveal the influence of land use on soil properties.
Several different methods were developed to represent soil
PSDs (Buchan et al., 1993; Skaggs et al., 2001). Textural analy-
sis was commonly used in the past to characterize soil PSDs.⁎ Corresponding author. Tel.: +86 10 68597542; fax: +86 10 68597583.
E-mail address: bfu@rcees.ac.cn (B. Fu).
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doi:10.1016/j.catena.2007.03.019However, the size definitions of the three main particle fractions
(clay, silt and sand) are rather arbitrary, and they do not provide
complete information on the soil PSDs. Moreover, in the textural
triangle, soils grouped in a textural class exhibit a wide range of
PSD (e.g. the silt loam in the textural triangle contains soils that
vary in silt content roughly between 50% and 80%), providing
incomplete information of PSD.
A better approach used to characterize PSDs was fractal
mathematics (Turcotte, 1986; Tyler and Wheatcraft, 1992; Wu
et al., 1993; Bittelli et al., 1999;Millan et al., 2003; Filgueira et al.,
2006). PSDs were often rendered as functions based on the
power-law dependence on particle mass on particle diameter.
Such power-law was interpreted as being the result of a fractal
distributions characterized as a single dimension. However, many
studies using detailed experimental data have shown that a single
fractal dimension is not sufficient to describe PSD in soil (Wu
et al., 1993; Kozak et al., 1996; Grout et al., 1998; Bittelli et al.,
1999; Millan et al., 2003). Wu et al. (1993) found three domains
within PSDs determined over six orders of magnitude in the
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dimensions defining scaling in the clay, silt, or sand domains.
In order to obtain more detailed information of soil PSD,
multifractal techniques were introduced from information science
to soil science. (Grout et al., 1998; Posadas et al., 2001; Montero
and Martín, 2003; Montero, 2005). Grout et al. (1998) proposed
multifractal techniques as promising alternative to single fractal
dimension. Montero and Martín (2003), Montero (2005) eval-
uated the applicability of Hölder spectrum and Rényi dimensions
analysis combined with laser diffractometry to 20 contrasting
PSDs in soils, and showed well defined scaling properties.
Posadas et al. (2001) suggested thatD1 can be used to distinguish
single frommultifractal scaling. Caniego et al. (2003) usedD1/D0
to quantify the dispersion of the measure over the set of cell size.
Martín et al. (2001, 2005) suggested that an entropy-based
parameter is a useful parameter for classifying soil texture within
the classical textural triangle.
In all these studies, the fractal and multifractal analyses were
mostly focused on PSDs in soils of different taxonomies. How-
ever, little attention was paid to the influences of land-use patterns
on PSDs from the same soil. In the water erosion-prone area, fine
particle-size fractions as well as soil organic matter (SOM) and
nutrients were selectively removed due towater erosion. Land use
could influence soil PSD by hindering or helping water erosion
(Renard et al., 1997).
Thus, the objective of this study was to see the effect of land-
use types on multifractal parameters of PSDs in the typical loess
soil. The multifractal parameters were obtained by Rényi dimen-
sions analysis. Soil organic matter content (SOM), as the best
surrogate for soil quality influenced by land use (Dumanski andFig. 1. Study area and soil sample sites. □ woodland; – shrub land;D ASFPieri, 2000; Liu et al., 2002;Wang et al., 2003), was selected to be
contrasted with multifractal parameters.
2. Materials and methods
2.1. Study area
Soils were sampled within two catchments with total area of
50 km2 from Ansai County (36°31′–37°20′ N and 108°52′–
109°26′ E) of Shaanxi Province, the center part of the Loess
Plateau, China (Fig. 1), which is well known for its high erosion
rate. Ansai County has a typical semiarid continental climate
with an average temperature of 8.6 °C and an average annual
precipitation of 520 mm with high variability (about 74% of the
rain falls between July and September). The landform is a typical
loess hilly-gullied landscape with elevations ranging from 997
to 1731 m above sea level (most of the land is between 1200 and
1500 m). The soils, mostly formed on the deep and loose loess
deposit, are classified as Calcic Cambisols (FAO-UNESCO,
1988),which have a rather homogenous silty loam texture (Fig. 2).
Our work focused on 5 different land-use types: woodland,
shrub land, grassland, terrace (long-term cultivated farmland) and
abandoned slope farmland with planted trees (ASFP). The wood-
land was mainly locust trees (Robinia pseudoacacia L.), pop-
lar (Populus spp.) and willow (Salix spp.). Littleleaf peashrub
(Caragana microphylla Lam.) and seabuckthorn (Hippophae
rhamnoides L.) exist on the shrub land. The grassland was mainly
covered by annuals such as sweetwormwood (Artemisia annuaL.),
annual fleabane (Erigeron annuus Pers.) and bunge needlegrass
(Stipa bungeana Trin.). Crops in the terrace were mainly potatoesP (abandoned slope farmland with planted trees); × terrace; + grassland.
Fig. 2. Texture of analyzed soil samples.
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(Zea mays L.) and millet (Panicummiliaceum L.). The ASFP was
abandoned slope farmland planted with trees such as locust trees
(Robinia pseudoacacia L.) and apricot (Prunus armeniaca L.),
which were planted less than 3 years. Under the planted trees,
there were sparse weeds such as wormwood (mainly Artemisia
gmeliniiWeb. ex Stechm.). The annual erosion rate of woodland,
shrub land, slope farmland and grassland is 2.6 t/km2, 1.0 t/km2,
169.5 t/km2 and 4.6 t/km2, respectively (Zhao et al., 2006).
2.2. Sampling and processing
In July 2005, soil samples were collected from 70 sites with
different land-use types. The sample sites from two catchments
were shown in Fig. 1. Of all the sites, 13 were woodland, 11 were
shrub land, 12 were grassland, 15 were terrace, and 19 were
ASFP. On each site, soil samples of 0–15 cm were taken from
five points (distributed in Greek-cross shape at interval of 2 m)
using a 15 by 2 cm soil corer, and the five replicate samples were
homogenized by hand mixing.
The soil samples were air-dried and hand-sieved though a
2-mm screen to remove roots, stones and debris. Then soil
samples were pretreated by destroying organic matter using H2O2
(30%, w/w) at 72 °C. After aggregates were dispersed by sodium
hexametaphosphate (NaHMP) and ultrasonics lasting 30 s, the
samples were analyzedwith the laser diffraction technique using a
Longbench Mastersizer2000 (Malvern Instruments, Malvern,
England). In our work, PSDs ranging from 0.3 μm to 1500 μm
were obtained representing relative volume (%) versus soil par-
ticle diameter (μm) (Montero, 2005).Soil organic matter was determined by oil bath–K2CrO7
titration method (Nelson and Sommers, 1975).
2.3. Rényi dimensions analysis
Multifractal analysis of particle distributions over an interval
of sizes I was commonly made via successive partitions of the
interval in dyadic scaling down (Evertsz and Mandelbrot,
1992). With L the diameter of interval I, dyadic partitions in k
stages (k=1, 2, 3, …) generate a number of cells N(ε)=2k with
diameter ε=L×2−k that cover the initial interval I. Given a
certain measure μ distributed over the interval of sizes I, the
measure of each cell μi(ε) is supposed to be supplied by available
data. In soil particle-size distributions the measure in each region
or subinterval of sizes would be the mass or volume percentage
of soil particles of characteristic size in such subinterval (Martín
and Taguas, 1998; Montero, 2005). Multifractal sets can be
characterized on the basis of the Rényi dimensions of the qth
moment orders of a distribution, Dq, defined as (Rényi, 1970;
Hentschel and Procaccia, 1983):
DðqÞc 1
q 1
log
PNðeÞ
i¼1
liðeÞq
" #
loge
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liðeÞlogliðeÞ
loge
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for all real q values within the interval [−∞, +∞]. Parameter q
acts as a scanning tool scrutinizing the denser and rarer regions
of the measure μ (Chhabra and Jensen, 1989; Kravchenko et al.,
1999; Montero, 2005). For q≫1, regions with a high degree of
concentration are amplified, while regions with a small degree
of concentration are magnified for q≪−1.
The Rényi dimensions for q=0, q=1, and q=2 are known as
capacity dimension, D0, entropy dimension, D1, and correlation
dimension,D2. The capacity dimension is known as box-counting
dimension and provides average information of a system. TheD1
is related to the information or Shannon entropy (Shannon and
Weaver, 1949), and quantifies the degree of disorder present in a
distribution.
HðeÞ ¼ 
XNðeÞ
i¼1
liðeÞlogliðeÞ: ð5Þ
H(ε) is Shannon entropy. Usually, the complexity of PSD
increases when the size of the partitions decreases so that
H(ε)→∞ as ε→0. Then
D1 ¼ lim
eY0
HðeÞ
loge : ð6Þ
So the most heterogeneous case gives D1=1, as it has the
richest soil textural structure, whereas the most homogeneous
distribution satisfiesD1=0. On the other hand, aD1 value close to
1 also means evenness of measures over the sets of cell size,
whereas a D1 close to 0 reflects a subset of the scale in which the
irregularities are concentrated. The D2 is mathematically asso-
ciated to the correlation function and computes the correlation of
measures contained in intervals of size ε (Posadas et al., 2001).
The relation ship between D0, D1, and D2 is, D2≤D1≤D0,
where the equality D0=D1=D2 occurs only if the fractal is
statistically or exactly self similar and homogeneous (Korvin,
1992). Moreover, D1/D0 was also suggested to indicate
heterogeneity of PSD (Montero, 2005). Values of D1/D0 close
to 1 will indicate sets with similar dimension, while values close
to 0 will be found in distributions with most of the measure
concentrated in a small region of the set of sizes.
In this study, the interval of particle sizes (μm) I=[0.3, 1500]
was considered. The size interval is partitioned into 64 sub-
intervals Ii=[ϕi, ϕi+1], i=1, 2, …, 64.. Length of subintervals
follows a logarithmic scale such that log(ϕi+1 /ϕi) is constant, i.e.,
while the first subinterval is I1=[0.3, 0.343], the last subintervalFig. 3. Worst and best fiis I64=[1313.1, 1500]. In order to construct a new measure where
multifractal techniques may be applied to take advantage of data
potential, a transformation such asφj=log(ϕj /ϕ1), for j=1, 2,…,
65, can be made creating a new dimensionless interval J=[0,
3.70] partitioned into 64 subintervals of equal length, (Martín and
Montero, 2002; Montero, 2005). ε then received the value of
3.70×2−k for k ranging from 1 to 6, that is ε=1.85 to 0.06.
2.4. Statistical analysis
One-way ANOVA was performed to compare the effects of
land use on soil fractal and multifractal parameters, soil texture
and SOM. The LSD procedure was used to separate the means of
these variables at the pb0.05 level. Correlation analysis and
stepwise multiple regression analysis was applied to determine
the relationship between multifractal parameters and quantita-
tive environmental variables such as topographical variables
and land-use variables. The stepwise method is a combination of
forward enter and backward elimination procedures. The proba-
bility for entry was pin=0.05 and the probability for removal was
pout=0.1. The land use was transformed into five “dummy”
variables (0 for absence and 1 for presence) that can be used as
the independent variables (Hontoria et al., 1999; Qiu et al.,
2003). Topographical factors include relative elevation, slope,
slope aspect, landscape position. Landscape positions were
classified into three types: upper slope position, middle slope
position, and lower slope position (Wang et al., 2001, 2003), and
were also transformed into the “dummy” variables. Aspect
(clockwise from north), which is a circular variable, was trans-
formed into sin(aspect) and cos(aspect), as recommended by
Bourennane et al. (1996) andKing et al. (1999). All the statistical
analyses were conducted using SPSS program (SPSS, Chicago,
Illinois, US, 1993).
3. Results
3.1. Multifractal characterization of soil PSDs
Using Eq. (4), the D1 was calculated. The worst and best fits
for the value ofD1 were showed in Fig. 3. Using Eqs. (3) and (4),
Rényi dimensions spectra Dq were calculated for −10≤q≤10
at 0.5 lag increment (Fig. 4). Values of R2 were highest for q=0
and q=1, and decreased for lower and higher q's. The capacity
dimension (D0) achieved values from 0.91 to 0.97 and it pre-
sented R2N0.995. The entropy dimension (D1) achieved values
from 0.77 to 0.91 and R2N0.97 (Fig. 4).ts for values of D1.
Fig. 4. Average Rényi spectra Dq–q curves for soil samples from five land-use
types.
Table 2
Standard linear relationships among multifractal parameters, topographical
factors, land-use type, soil texture and soil organic matter (SOM)
D0 D1 D1/D0 SOM
Topographic factors
RelEle a −0.41 b −0.48 b – −0.49 b
sin(aspect) – – – –
cos(aspect) – – – –
Upper position −0.28 c −0.27 c – –
Middle position – – – –
Lower position – – – –
slope – – – –
Land-use type d
Woodland 0.50 b 0.64 b 0.33 b 0.82 b
Shrubland – −0.24 c – –
ASFP e – −0.52 b −0.48 b −0.47 b
Terrace −0.24 c – 0.37 b –
Grassland – – – –
Soil texture
Sand 0.33 b −0.7 b −0.94 b −0.33 b
Silt −0.37 b 0.66 b 0.92 b 0.30 c
Clay – 0.88 b 0.90 b 0.51 b
SOM 0.47 b 0.7 b 0.41 b 1 b
(–) Correlation was not significant at pb0.05.
a RelEle denotes the relative elevation.
b Correlation was significant at the 0.01 level.
c Correlation was significant at the 0.05 level.
d Binary response (0 for absence and 1 for presence).
e ASFP = abandoned slope farmland with planted trees (planted less than
3 years).
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−10≤q≤10 and D(q)s are monotone decreased (Fig. 4), which
meant that soil PSDs are not monofractals and generalized
scaling laws exist for PSDs in Calcic Cambisols soils from
different land uses.
3.2. Effects of land use on multifractal parameters
Before analyzing the samples, the effect of watershed and the
watershed by land-use interaction on the results were investigated,
and no significant differences were found. So the total samples
from the two watersheds were analyzed together.
Table 1 showed the mean value and ANOVA results of multi-
fractal parameters of PSDs, soil texture and soil organic matter
under different land-use types.
Capacity dimension (D0) was calculated by box-counting
technique. In Table 1, we can see that the highest D0 value was
in the woodland (0.94) soil PSD, while D0 of soil PSDs from
the rest four land-use types received relative low values and
there were little difference between them. D0 provides general
information of PSD system, because it represents the dimension
of the set of sizes with non-zero relative volume. D0=1 meansTable 1
Effect of land use on capacity dimension (D0), entropy dimension (D1), D1/D0, soil
Land use D0 D1 D1/D0 Sa
Woodland 0.94 a 0.84 a 0.90 a 28
Shrub land 0.92 b 0.81 cd 0.87 b 31
ASFP a 0.92 b 0.80 d 0.87 b 36
Terrace 0.92 b 0.83 b 0.90 a 27
Grassland 0.92 b 0.82 bc 0.88 ab 29
F value 5.74 b 25.06 c 10.25 c 9.
Means within a column that share the same letters are not significantly different at p
a ASFP = abandoned slope farmland with planted trees (planted less than 3 year
b Significant at the 0.05 level.
c Significant at the 0.01 level.all the subintervals are occupied at all scale, whereas D0=0
means all the subintervals are empty. In our study, all the PSDs
were continuously distributed. So D0=1 meant the interval of
particle sizes from 0.3 μm to1500 μm were all occupied at all
scales, PSDs with low D0 held a narrow range. Therefore soils'
PSDs from woodland took a relatively wide range, while PSDs
from the rest four land-use types held relative low values and
there were little difference of D0 value between shrub land,
grassland, ASFP and terrace (Table 1).
The values of entropy dimension (D1) were ranked as
woodlandN terraceNgrasslandN shrub landNASFP. D1 provides
a measure of the heterogeneity of a PSD (Martín et al., 2001).
The higher the value of D1, the more heterogeneous the soil's
PSD. The more heterogeneous the soil's PSD, the wider thetexture and soil organic matter (SOM)
nd (%) Silt (%) Clay (%) SOM (g/kg)
.12 a 66.54 a 5.35 a 13.29 a
.92 b 63.42 cd 4.66 b 7.40 b
.26 b 59.52 d 4.22 b 5.28 c
.32 b 67.20 b 5.49 a 6.17 bc
.56 b 65.67 bc 4.77 ab 7.60 b
39 c 8.85 c 10.76 c 46.19 c
b0.01.
s).
Table 3
Stepwise regression models of capacity dimension (D0), entropy dimension (D1), entropy dimension/capacity dimension ratio (D1/D0), soil texture and SOM
Independent
variables
Dependent variable
D0 D1 D1/D0 Sand Silt Clay SOM
Coefficient R2 change Coefficient R2 change Coefficient R2 change Coefficient R2 change Coefficient R2 change Coefficient R2 change Coefficient R2 change
Intercept 0.912 a 0.802 a 0.899 a 28.293 a 66.647 a 4.56 a 7.508 a
Woodland b 0.017 a 0.246 0.042 a 0.408 – – – 0.822 a 0.107 5.785 a 0.670
Shrub land b – – −0.026 a 0.106 5.264 a 0.089 −4.588 c 0.083 – –
ASFP b, d – – −0.031 a 0.226 7.222 a 0.251 −6.419 a 0.245 −0.303 c 0.206 −2.23 a 0.049
Terrace b – 0.023 a 0.142 – – – 0.516 a 0.071 −1.343 c 0.020
Grassland b – 0.013 a 0.053 −0.015 c 0.055 – – – –
RelEle e – – – – – – –
sin(aspect) – – – – – – –
cos(aspect) – – – – – – –
Upper position – – – – – – –
Middle position – – – – – – –
Lower position – – – – – – –
Slope – – – – – – –
Ajusted R2 0.235 0.585 0.359 0.321 0.308 0.356 0.728
F 13.98 a 33.48 a 13.87 a 17.28 a 16.32 a 13.69 a 62.44 a
(–) Independent variable not entered into the stepwise regression.
a Significant (p=99%) based on the t-test.
b Binary response (0 for absence and 1 for presence).
c Significant (p=95%) based on the t-test.
d ASFP = abandoned slope farmland with planted trees (planted less than 3 years).
e RelEle denotes the relative elevation.
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35De Wang et al. / Catena 72 (2008) 29–36range of PSD and the more homogeneous of measures among
regions over all sets, as interpreted in the second part in this
paper. Significant differences in D1 were detected among the
five land-use types at the confidence level of 99% (Table 1). For
all Calcic Cambisols soils, D1 increased with clay content
(Table 2).
Considering that D0 reflected the range of a continuous dis-
tribution and the D1 expressed the range of PSD and measured
the homogeneity among fractions at different partition levels,
D1/D0 was used to describe the heterogeneity in a distribution, as
suggested by Caniego et al. (2003) and Montero (2005). Table 1
showed that the value of D1/D0 can be ranked as woodland/
TerraceNgrasslandN shrubland/ASFP. D1/D0=1 means that all
fractions take equal value at different scales, indicating most
heterogeneous of the distribution. The low D1/D0 reflects a
distribution in which irregularities are concentrated. For all
samples, the values ofD1/D0 increased with clay and silt content
(Table 2), which indicated that distribution heterogeneity also
increased with fine particle content. Terrace and woodland had
higher PSD heterogeneity, and ASFP the lowest.
3.3. Relationship between multifractal parameters, topographical
factor, and land use
The correlation between multifractal parameters, topograph-
ical factors, and land use were given in Table 2. Of the topo-
graphical factors, relative elevation was significantly correlated
with D0 and D1. Position, sin(aspect), cos(aspect), slope showed
weak or no correlation with multifractal parameters, whereas all
land-use types except grassland showed significant correlation
with multifractal parameters, which implied that land use was a
major factor influencing multifractal parameters.
Table 3 showed the stepwise regression model of multifractal
parameters. The coefficient of determination (R2) describes the
proportion of the total variance in the observed data that can be
explained by the model and can measure the degree to which
models are optimal. Regression model for SOM had the highest
adjusted R2 value, followed by D1,D1/D1, clay, sand, silt, and
D0. Land use contributed significantly to the model. SOM, as the
best surrogate for soil quality influenced by land use, was
explained 72% variance by land use. Land use explained 58.5%
of D1 variability, 35.9% of D1/D1 and 24.6% of D0.
4. Discussion
As showed above, D0, D1, and D1/D0 extracted different
information from soil PSD. Land use significantly influenced
D0, D1, and D1/D0. Almost all the multifractal parameters fol-
lowed the trend of woodland/terraceNgrasslandN shrub land/
ASFP. The rank series are similar to soil erosion degree (Zheng
et al., 1996; Liu et al., 2005; Zhao et al., 2006). This trendmay be
interpreted as follows: Land use largely influences water loss
and soil erosion. The canopy cover reduced the energy of rainfall
striking the soil surface, and surface cover affected erosion by
reducing the transport capacity of runoff water (Foster, 1982;
Renard et al., 1997). As a case study, in the source area such as
abandoned slope farmland with planted trees (ASFP), humandisturbances (such as previous farming activity and tree
planting) accelerated the loss of silt and clay content in the
early years before the artificial trees grew up. Fine particles were
easily detached and transported by water (rainfall), while in the
sink area, such as woodland, the reduction of the energy avail-
able for erosion from raindrop energy and runoff led to the lower
total soil loss. Zhao et al. (2006) observed that the annual erosion
rate in woodland, shrub land, slope farmland and grassland is
2.6 t/km2, 1.0 t/km2, 169.5 t/km2 and 4.6 t/km2, respectively.
Liu et al. (2005) also confirmed that woodland was more likely
to hinder soil erosion than grassland and slope farmland in
the hilly-gullied regions of the Loess Plateau. Therefore soil
PSDs from different land-use types were reasonably different and
multifractal parameters can reflect such difference. As showed in
Table 1, the large F-value forD1 indicated that this parameter was
second only to SOM in terms of ability to discriminate between the
different land-use types and was followed by clay content, D1/D0
and sand content.
D1and D1/D0 were derived from soil PSD data and show
strong linear relationship with soil texture (Table 2). Therefore,
it's valid to consider multifractal parameters as potential indi-
cators to reflect the effects of land uses on soil physical pro-
perties. Because finer soil particles assisted binding of soil
organic matter (SOM) and nutrients (Lobe et al., 2001; Fullen
et al., 2006), the value of D1and D1/D0 were reasonably posi-
tively correlated with SOM (Table 2). The correlation between
clay and SOM was lower than the correlation between multi-
fractal parameters (D1 and D1/D0) and SOM (Table 2). So com-
pared with soil texture, D1and D1/D0 may be better indicators to
reflect soil degradation driven by water.
In watershed scale, land use played more important role in
affecting D0, D1, and D1/D0 than that of topographical factors,
because the correlation between multifractal parameter and land-
use factors was higher than the correlation between multifractal
parameters and topographical factors. Moreover, land use ex-
plained larger variances of multifractal parameters (D0, D1, and
D1/D0) than topographical factors did.
The results in this paper can shed light on further exploration
linking multifractal parameters with characteristics of 1D dis-
tribution and 2D pattern. The result may be better in soils other
than loess soil because of the homogeneous background of loess
soil.
5. Conclusions
Land use affects water erosion to large extent, resulting in
differences in soil PSD and nutrition concentration. In this study,
the multifractal characteristics of 70 soil PSDs were initially
studied. The result showed that there exists generalized power-
law in all the soil PSDs; entropy dimension (D1) and entropy
dimension/capacity dimension ratio (D1/D0) were significantly
positively correlated with finer particle content and SOM. All
selected multifractal parameters were significantly influenced by
land use, and could be potential parameters to reflect soil physi-
cal properties and soil quality influenced by land use. Finally,
relationship between multifractal parameters, topographical fac-
tor, and land use were discussed. Land use explained larger
36 De Wang et al. / Catena 72 (2008) 29–36variability of these multifractal parameters than did topograph-
ical factors.
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